Monitoring the temporal changes of forests is important for sustainable forest management. In this study, we investigated the potential of using multi-temporal synthetic aperture radar (SAR) images for mapping annual change in forest cover at a national scale. We assessed the robustness of using multi-temporal Phased Array L-band Synthetic Aperture Radar-2/Scanning Synthetic Aperture Radar (PALSAR-2/ScanSAR) mosaic images for forest mapping by comparison with single-temporal PALSAR-2 mosaic images for three test sites in North, Central, and Southern Vietnam. We then used a combination of multi-temporal PALSAR-2/ScanSAR images, multi-temporal Moderate Resolution Imaging Spectroradiometer (MODIS) Normalized Difference Vegetation Index (NDVI) images, and Shuttle Radar Topography Mission (SRTM) images to map annual forest cover for mainland Vietnam during 2015-2018. Average overall accuracies of our forest/non-forest (FNF) maps (86.6% ± 3.1%) were greater than recent maps of Japan Aerospace Exploration Agency (JAXA, (77.5% ± 3.2%)) and European Space Agency (ESA, (85.4% ± 1.6%)). Our estimates of mainland Vietnam's forest area were close to that of the Vietnamese government. A comparison of the spatial distribution of forest estimated from JAXA and ESA FNF maps showed that our FNF map in 2015 agreed relatively well with the ESA map, with 77% of pixels being consistent. This study demonstrates the merit of using multi-temporal PALSAR-2/ScanSAR images for annual forest mapping at a national scale.
Introduction
Forests are crucial ecosystems that provide critical habitats to plants and animals [1, 2] , affect the global carbon cycle through deforestation and reforestation [3] , and offer livelihood to humankind [4] . Despite its importance, from 2000 to 2012, 2.3 × 10 6 km 2 of forest were lost globally, with 32% of the total loss coming from tropical forests [5] . Forest loss causes problems such as soil erosion, increased greenhouse gas emissions, and also threatens the livelihood of local people and animals [6] . The recent extreme change in forest cover emphasizes the need for the reliable information on forest status in of multi-temporal PALSAR-2/ScanSAR images compared to single-temporal PALSAR-2 images by performing forest classification using different image combinations for three test sites in Vietnam. (2) produce annual FNF maps for the mainland Vietnam by using multi-temporal PALSAR-2/ScanSAR images, MODIS NDVI images, and SRTM images, and (3) compare our results with Vietnamese national statistical data, the current annual JAXA FNF maps, and the European Space Agency (ESA) global land cover map. Our study area was mainland Vietnam because Vietnam has a rich diversity of forest types (open broad-leaved forests, deciduous forests, bamboo and palms, coniferous forests, evergreen broad-leaved forests, and semi-deciduous broad-leaved forests) and is one of the few developing countries that have experienced a transition from deforestation to reforestation [29] .
Materials and Methods

Study Area
Vietnam is a tropical monsoon country located in Southeast Asia and extends from 8 • 37 to 23 • 23 N and from 102 • 11 to 109 • 27 E. The country borders with China, Laos, and Cambodia in the north, the west, and the southwest, respectively. Our study area is mainland Vietnam, excluding small islands remote from the continent. Mainland Vietnam occupies an area of around 332,000 km 2 and comprises a variety of landscapes, including high mountains, highlands, deltas, and coastal areas (total coast length of 3200 km). Following economic reforms in 1986 and the revision of the second land law in 1993, Vietnam's forest experienced a substantial recovery [30] . In recent decades, Vietnam has become one of the few countries in Southeast Asia which have transitioned from net deforestation to net reforestation [31] . The increase in forest cover in Vietnam is mainly due to reforestation programs, which have costed around 2 billion USD in total [32] . These programs led to an increase in the area of planted forest, which has been intensively grown to meet the domestic and export demand for timber [30] .
Satellite Images and Preprocessing
Multi-Temporal PALSAR-2/ScanSAR and Single-Temporal PALSAR-2 Images
JAXA operates the PALSAR-2 instrument aboard the ALOS-2 satellite. The instrument has different modes, including Spotlight, Stripmap, and ScanSAR, and these modes have different resolutions, incident angles, and swath widths. Multi-temporal PALSAR-2/ScanSAR images are acquired in ScanSAR mode, while single-temporal PALSAR-2 images are acquired in Stripmap mode (fine beam dual (FBD) mode). The ALOS-2 satellite completes one cycle around the Earth every 14 days. The different modes of ALOS-2/PALSAR-2 are intended for observation in different cycles in a year. Details of the ALOS-2/PALSAR-2 acquisition modes are available on the JAXA website [33] . The ScanSAR images are mosaicked images consisting of images acquired within one cycle (14 days). Therefore, a 1 o × 1 o tile mosaic image can contain data acquired on different dates in the same cycle. To simplify the processing, we set the representative date for the image as the starting date of the cycle. The difference between the assigned date and the real acquisition date of the image was between 0 and 11 days. This difference was considered acceptable given that we were analyzing the changes in land cover on an annual basis.
JAXA provides the ScanSAR images in 1 o × 1 o tiles with a spatial resolution of 50 m. For each tile, images are available with two different polarizations (HH and HV). The data were corrected for the slope effect and were provided together with mask information describing layover and shadowing. We used the ScanSAR images for four years, namely, 2015 (339 scenes), 2016 (450 scenes), 2017 (506 scenes), and 2018 (490 scenes). A total of 60 tiles were required to cover the mainland Vietnam. On a yearly average, we have about seven scenes for each tile.
During preprocessing, the digital number (DN) of both HH and HV polarizations was first converted into gamma-naught (γ o ) values (unit in decibel [dB]) using Equation (1) . Then, we assigned Remote Sens. 2019, 11, 2412 4 of 25 "NULL" values to the pixels of layover and shadowing in order to exclude them from the subsequent analysis. On average, the "NULL" value pixels account for 2% of the total number of pixels in the 1 o × 1 o tile images (2250 pixels × 2250 pixels). The speckle noise was reduced using a Lee filter equipped on the SNAP software (version 5.0) [34] . The difference and the ratio between γ o HH and γ o HV showed their potential for forest mapping [19, 26, 35] and land cover mapping [18] . In this study, we also used the difference (Equation (2) ) and the ratio (Equation (3)) in the classification process. After preprocessing, the final ScanSAR images consist of γ o HH , γ o HV , difference, and ratio layers. Figure 1a shows an example of a ScanSAR false-color composite image.
where C is the absolute calibration factor (C = −83) [36] and < > is ensemble averaging with a 3 × 3 pixel moving window. 
Classification Method
This study used a robust machine learning approach, which is a combination of Kernel Density Estimation and Bayesian inference [41] . The robustness of this approach is due to (1) the flexibility and ease with which the Bayesian rule can be used to integrate the posterior probability of multitemporal images or multi-sensor images [42] and (2) the high accuracy of the Kernel Density Estimation method for simulating the probability density functions of training data. Hashimoto et al. (2013) proposed this approach [41] and used it to produce land use/land cover maps with higher overall accuracy than those produced using other algorithms, such as maximum likelihood classification and support vector machines. The approach was applied to produce high-resolution land use and land cover maps for all of Japan [43, 44] and Vietnam [45, 46] . The resulting products were published by JAXA as an open land-cover dataset [47] . Due to its distinct advantages, this approach is considered as a reliable way to produce accurate forest maps.
The machine learning approach used in the present study estimates the probability density of features (e.g., backscattering coefficient, vegetation index, and slope) by adding small Gaussian functions (kernels) at each training data point in the feature space. Then, the probability density is Additionally, we used single-temporal PALSAR-2 one-year mosaic images (FBD mode) to map forest cover at three test sites in Vietnam. The purpose of this was to compare the utility of these maps with those obtained using the ScanSAR time-series images to detect changes in annual forest cover. The PALSAR-2 mosaic images are provided in 1 o × 1 o tiles with both HH and HV polarization and have a spatial resolution of 25 m [37] . The PALSAR-2 one-year mosaic images were preprocessed using the same procedure as for the ScanSAR images and were also classified using the γ o HH , γ o HV , ratio, and difference. [18, 26, 28, 35] . In this study, we used the "MODIS Terra vegetation indices 16-day global 250 m". The images were downloaded from the Google Earth Engine website (https://earthengine.google.com/). We selected the NDVI images whose acquisition date were closest to those of the ScanSAR images (Figure 1b) . After converting to the latitude-longitude coordinate system and resizing to a spatial resolution of 50 m, each downloaded NDVI image was divided into a 1 o × 1 o tile size, since the classification process was based on this tile size.
The Shuttle Radar Topography Mission-Digital Elevation Model (SRTM-DEM) has previously been used for forest mapping and allows greater mapping accuracy when used in combination with other satellite images [38] [39] [40] . We downloaded SRTM-DEM images with a spatial resolution of 30 m for the mainland Vietnam, the images were obtained from the United States Geological Survey (USGS) website (https://earthexplorer.usgs.gov/). The DEM images were then resized to a spatial resolution of 50 m, which is the same spatial resolution as the ScanSAR and MODIS NDVI images. The slope map was then estimated for later classification (Figure 1c ). For preprocessing MODIS NDVI and SRTM images, we used the GRASS GIS software in combination with GDAL library, using the "gdalwarp" tool to resize images and the "gdaldem" tool to estimate the slope map from the SRTM-DEM.
This study used a robust machine learning approach, which is a combination of Kernel Density Estimation and Bayesian inference [41] . The robustness of this approach is due to (1) the flexibility and ease with which the Bayesian rule can be used to integrate the posterior probability of multi-temporal images or multi-sensor images [42] and (2) the high accuracy of the Kernel Density Estimation method for simulating the probability density functions of training data. Hashimoto et al. (2013) proposed this approach [41] and used it to produce land use/land cover maps with higher overall accuracy than those produced using other algorithms, such as maximum likelihood classification and support vector machines. The approach was applied to produce high-resolution land use and land cover maps for all of Japan [43, 44] and Vietnam [45, 46] . The resulting products were published by JAXA as an open land-cover dataset [47] . Due to its distinct advantages, this approach is considered as a reliable way to produce accurate forest maps.
The machine learning approach used in the present study estimates the probability density of features (e.g., backscattering coefficient, vegetation index, and slope) by adding small Gaussian functions (kernels) at each training data point in the feature space. Then, the probability density is used to estimate the posterior probability of land cover categories using the Bayesian rule. The final land cover category is the greatest joint probability category of overlapped images from time-series and different sensors [41] . The details of the method are as follows.
The preprocessed satellite image is considered as a set of D-dimensional vectors in the feature space. Let x be a feature vector in the feature space, x = (x 1 , x 2 , . . . , x D ), where x refers to a pixel in the image. In the ScanSAR images, D is equal to 6 and includes four features related to the polarizations (HH, HV, Difference, and Ratio) and two features related to the observation date (t 1 and t 2 Equation (4)).
[t 1 , t 2 ] = cos 2π DOY DOY max , sin 2π DOY DOY max (4) where:
DOY is the day of the year (Julian day) on which the observation was made, DOY max is the maximum day of the year on which the observation was made (DOY max is equal to 365 or 366 depending on the observation year).
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For each pixel, the posterior probability of a land cover category is computed based on the Bayesian rule (Equation (5)) [41] .
where:
C k is the k th category (k = 1,2, . . . ,M, where M is the number of categories, here, M = 7), p(C k ) is the prior probability of category C k , p(x|C k ) is a category-conditional probability of x, and it is estimated using kernel density estimation (KDE).
The conditional probability p(x|C k ) of input data x given the category C k is the sum of the kernel functions, which are in the same form and centered on each training datum (Equation (6)) [41] . In this method, the Gaussian kernel is the kernel function (Equation (7)) and the bandwidth parameter h d is estimated using Scott's rule of thumb (Equation (8)) [41] .
where: We computed the joint probability of each category by multiplying the posterior probability of all overlapped images. At a pixel, the category with the greatest joint probability is assigned as the predicted category. In this study, we ran the KDE process separately for ScanSAR, MODIS NDVI, and SRTM-slope images. The separate posterior files were finally integrated to create the land cover maps (Figure 2) . Then, the non-forest categories were aggregated to create FNF maps. This study utilized the SACLASS software, whose algorithm employs KDE based on the Bayesian rule [43] . 
Collection of reference data
In this study, we utilized the Land Cover Classification System of the Food Agriculture Organization [48] , which was used in recent land-cover mapping studies for Vietnam [45, 46] . Forests are defined as areas larger than 0.5 ha which is predominantly covered by woody vegetation with at least 10% cover. For forest/non-forest classification, this study used seven categories, including water, built-up, forest, paddy, orchard, barren, and other crops. The reasons for separating the non-forest category into detail categories are: (1) There is a diversity of non-forest categories, which caused a wide distribution of their feature in the feature space. It is difficult to present the wide range of features by one non-forest category, (2) We should treat more careful to some categories such as built-up and orchard which are easy to misclassify into forest due to their similar backscatter characteristics in SAR images, (3) The land cover types such as built-up, paddy, orchard, barren and other crops are popular in Vietnam that make it easy to select their training data by visual interpretation.
We created training data for the seven land cover categories by the visual interpretation of high-resolution Google Earth images, Landsat 8 images, and Sentinel 2 images. The creation process was arbitrary that allowed the interpreter to select training data in homogeneous land cover areas and avoided the borders of land cover types. We tried to distribute the training points at places where the land cover was homogeneous and relatively stable from 2015 to 2018. Thus, it can be assumed that the land cover types at the training points did not change between 2015 and 2018. Therefore, we can use one training dataset to classify land cover maps for the four years. We created training data for the seven categories in each 1 o × 1 o tile. In the total of the whole country (60 tiles), we created 123,051 points, 37% of which corresponded to the forest category ( Figure 3a) . In this study, we planned to classify FNF maps for three test sites with 1 o × 1 o tile and then for the whole country (60 tiles). For three test sites, we used the training data taken in the same three 1 o × 1 o tiles in the 60 tiles. 
Collection of Reference Data
We created training data for the seven land cover categories by the visual interpretation of high-resolution Google Earth images, Landsat 8 images, and Sentinel 2 images. The creation process was arbitrary that allowed the interpreter to select training data in homogeneous land cover areas and avoided the borders of land cover types. We tried to distribute the training points at places where the land cover was homogeneous and relatively stable from 2015 to 2018. Thus, it can be assumed that the land cover types at the training points did not change between 2015 and 2018. Therefore, we can use one training dataset to classify land cover maps for the four years. We created training data for the seven categories in each 1 o × 1 o tile. In the total of the whole country (60 tiles), we created 123,051 points, 37% of which corresponded to the forest category ( Figure 3a) . In this study, we planned 
Method for Accuracy Assessment and Area Estimation
Stratified random sampling has been widely applied in many fields. One of the motivations of this method is to improve the precision of estimation of population characteristics [53] by dividing the population into subgroups called strata. For land cover map assessment using stratified random sampling, the analysis depends on an estimation weight associated with each sample unit [49] . Olofsson et al. (2013) provided good examples of using an estimation weight for the accuracy assessment and area estimation of a single land change map, in which an estimation weight is the proportion of a strata weight and the total sample count of the map category [54] . This approach is applicable when assessing a single land cover map, in which the sample points from a stratum could not be mixed into other strata in the error matrix of sample counts. Sometimes, we need to assess several maps (assessed maps) using a common validation dataset designed from strata of a single map (the original map). In such a case, the issue is twofold. Firstly, the estimation weight for sample points determined based on the original map should be applied to the assessed maps [49] . This is because the estimation weights of the sample points were estimated based on the defined strata of the original map. Secondly, there is a case that some points from a stratum of the original map are not in the same stratum in the assessed map. As a result, a cell of an error matrix of sample counts may contain points from different strata of the original map. Therefore, it is necessary to incorporate the estimation weights of reference points for each stratum into their corresponding The validation data for the FNF maps for the three test sites (Figure 4 ) and the mainland Vietnam were collected separately using a stratified random sampling method. Firstly, for the three test sites with 1 o × 1 o tiles, a balanced stratified random sampling method was used. For FNF maps (2 categories), we first assumed an overall accuracy of 90%, and we desired a standard error of ±1.5% for this accuracy. According to Equation (9) [49] , a sample size of no less than 400 is required to obtain the desired standard error.
where n is the sample size, O is the assumed overall accuracy of the FNF map, and SE is the desired standard error of the overall accuracy. For three test sites, our plan was to compare FNF maps produced by different satellite image combinations including (1) single temporal PALSAR-2 images, (2) multi-temporal PALSAR-2/ScanSAR images, and (3) multi-temporal PALSAR-2/ScanSAR in combination with MODIS NDVI and SRTM images (ScanSAR/NDVI/SRTM). To simplify the sampling design process, we selected forest and non-forest categories of the classified ScanSAR/NDVI/SRTM Remote Sens. 2019, 11, 2412 9 of 25 FNF maps as strata and allocated 200 points to each stratum (Figure 3c-e) . In each stratum, the points were randomly allocated using Linux built-in random number generator [50, 51] . The allocation was manipulated by the "shuf" command in Linux to the data of each stratum. The land cover types (forest or non-forest) of each point were interpreted from multiple satellite images, including Sentinel 2 (10 m resolution), Landsat 8 (30 m resolution), and Google Earth images. Secondly, for the mainland Vietnam, we also used the balanced stratified random sampling method. We decided to use the strata of the classified 2017 FNF map of mainland Vietnam, as the validation data collected on these strata are valid for assessing the accuracy of maps in other years [49] . We selected a sample size of 500 to assure a standard error of ±1.5%. We also randomly allocated 250 points to each stratum (forest and non-forest) of the 2017 FNF map (Figure 3b ). By visual interpretation of Sentinel 2, Landsat 8, and Google Earth images, we created a validation set of 500 points for the FNF map of each year from 2015 to 2018. It is also noticed that we have not considered the effects of interpreter errors to the estimates of the map's accuracies, forest area and their standard errors due to lack of ground truth data [52] .
study's FNF maps and the global FNF maps. Two global datasets were selected, namely, the JAXA 25 m Global FNF [37] and the ESA 100 m Copernicus Global Land Cover [55] . We extracted FNF maps for the mainland Vietnam from these global products for comparison with our national-scale FNF maps. The 500-point validation datasets (Section 2.4) were used to estimate the overall accuracy of the FNF maps extracted from the global products. We also used the weight of W(f) ÷ n(f) and W(nf) ÷ n(nf) estimated based on the 2017 FNF map (Section 2.5) in accuracy assessment and forest area estimation of the global FNF maps.
To assess the spatial correlation between our FNF map and the global FNF maps, we applied the cross comparison approach, which is robust for comparing the consistency of maps in places where validation data are limited [56] . We compared our FNF maps with the JAXA and ESA FNF maps for 2015. To make the products comparable, we aggregated our 50 m FNF map, the 25 m JAXA FNF map, and the 100 m ESA FNF map to a spatial resolution of 1000 m. Each 1000-m pixel contained forest cover information, which was estimated by counting the fraction of forest pixels in the original map. Then, we estimated the difference in forest fraction among the maps by defining forests as lands with ≥ 10% tree cover. Two forest fraction pixels were considered to be consistent when the difference in their forest fractions was between -0.2 and 0.2 [19] . 
Result
Classification result for three test sites
Method for Accuracy Assessment and Area Estimation
Stratified random sampling has been widely applied in many fields. One of the motivations of this method is to improve the precision of estimation of population characteristics [53] by dividing the population into subgroups called strata. For land cover map assessment using stratified random sampling, the analysis depends on an estimation weight associated with each sample unit [49] . Olofsson et al. (2013) provided good examples of using an estimation weight for the accuracy assessment and area estimation of a single land change map, in which an estimation weight is the proportion of a strata weight and the total sample count of the map category [54] . This approach is applicable when assessing a single land cover map, in which the sample points from a stratum could not be mixed into other strata in the error matrix of sample counts. Sometimes, we need to assess several maps (assessed maps) using a common validation dataset designed from strata of a single map (the original map). In such a case, the issue is twofold. Firstly, the estimation weight for sample points determined based on the original map should be applied to the assessed maps [49] . This is because the estimation weights of the sample points were estimated based on the defined strata of the original map. Secondly, there is a case that some points from a stratum of the original map are not in the same stratum in the assessed map. As a result, a cell of an error matrix of sample counts may contain points from different strata of the original map. Therefore, it is necessary to incorporate the estimation weights of reference points for each stratum into their corresponding error matrices of sample counts before adding them up (Equation (10)).
As described in Section 2.4, the stratified random samples based on the 2017 FNF map were used to validate FNF maps from 2015 to 2018. Therefore, we used the estimation weights determined by strata of the 2017 FNF map to estimate accuracies, forest areas, standard errors of overall accuracies, and standard errors of the estimated areas of FNF maps in the four years. In this section, we describe a method for accuracy assessment and area estimation of time-series FNF maps by modifying the method described in the study of Olofsson et al. (2013) . The main differences between our modification method and the original method are as follows:
(1) We established error matrices of sample counts for reference data from each stratum of the selected map, instead of one error matrix in the original method. This step aims to incorporate the estimation weights of reference data into their corresponding error matrices.
(2) We used different estimation weights compared to the original method. Our estimation weights are considered to be related to the inclusion probabilities of the reference data in the corresponding stratum. Since inclusion probabilities are considered the basis of probability sampling designs. Using the inclusion probability concept allowed us to apply a common reference dataset for the assessment of multiple maps, without considering the stratum weights of each map.
(3) The estimators of standard errors of the map's overall accuracy and the estimated area are different between our modified method and the original method due to the difference in the estimation weights.
The details of our applied method are described as follows: Firstly, to estimate the accuracy of each FNF map, we constructed two error matrices of sample counts for the reference data coming from forest stratum and non-forest stratum of the 2017 FNF map. Examples of two error matrices are shown in Tables 1 and 2 , in which the predicted categories (map category) are rows, and the actual categories (reference categories) are columns, where: n ij(f) and n ij(nf) are the numbers of reference data of category j from the forest stratum and the non-forest stratum, respectively, which are classified as the category i on the map. The subscript (f) and (nf) denote "forest" and "non-forest", respectively, n i·(f) and n i·(nf) are number of reference data from the forest stratum and the non-forest stratum, respectively, which are classified as the category i on the map, n ·j(f) and n ·j(nf) are numbers of reference data of the category j from the forest stratum and the non-forest stratum, respectively, n (f) and n (nf) are numbers of reference data from the forest stratum and the non-forest stratum, respectively, n (f) + n (nf) = total number of reference data. Table 1 . An error matrix of sample counts for a 2-category FNF map (forest category = 1, non-forest category = 2) based on reference data coming from the forest stratum of 2017 FNF map.
Predicted Category (i = 1, 2)
Actual Category (j = 1, 2) Total 1 2 Table 2 . An error matrix of sample counts for a 2-category FNF map (forest category = 1, non-forest category = 2) based on reference data coming from the non-forest stratum of 2017 FNF map.
Predicted Category (i = 1, 2) Actual Category (j = 1, 2) Total 1 2
Secondly, to estimate areas of the map's categories, we converted two error matrices of sample counts (Tables 1 and 2 ) into an error matrix of the area proportion (Table 3 ) using an unbiased estimator (Equation (10)). According to Equation (10), each cell ij of Tables 1 and 2 is multiplied by a weight of W (f) ÷ n (f) (or W (nf) ÷ n (nf) ) , which is inverse of an inclusion probability of reference data in the corresponding stratum of 2017 FNF map. It is noticed that we assess the accuracy of FNF maps from 2015 to 2018 using the designed reference data coming from the strata of the 2017 FNF map. Hence, we applied the weight estimated on the 2017 FNF map to other maps.
p ij is the area proportion of cell ij in the error matrix of estimated area proportion, W (f) and W (nf) are the proportion of the mapped area of forest category and non-forest category of 2017 FNF map: W (f) = A m,f /A tot , W (nf) = A m,nf /A tot (A m,f and A m,nf are mapped area of forest category and non-forest category of 2017 map (m denotes "mapped"), and A tot is the total area of 2017 map). From the error matrix of area proportion, we can directly estimate overall accuracy, user's accuracies, and producer's accuracies of the FNF map. The variance of overall accuracy (OA) is estimated by Equation (11) .
V(OA) is the variance of the overall accuracy. The standard error of the overall accuracy is obtained by taking the square root of the estimated variance. n ii(f) and n ii(nf) are reference data from the forest and non-forest stratum of the category j (j = i) that are mapped as a category i on the map.
Finally, the area of the category j (A j , error-adjusted area) is estimated based on the total area proportion of category j (p ·j ) in Table 3 using Equation (12) .
The standard error of the error-adjusted area is estimated by Equation (13) .
where S(p ·j ) is the standard error of area proportion of category j, and it is estimated using the error propagation theory (Equation (14)).
As described in Section 2.4, we also planned to estimate accuracy for FNF maps at three test sites and forest gain and loss maps between 2015 and 2018, having three categories (forest gain, forest loss, and no change). The described stratified estimators of the map's accuracies and forest area were applied to the FNF maps at test sites and the forest gain and loss map. Noticeably, for three test sites, the selected strata are of ScanSAR/NDVI/SRTM maps. Hence, the weight of W (f) ÷ n (f) and W (nf) ÷ n (nf) were estimated based on ScanSAR/NDVI/SRTM map and applied to FNF maps of other image combinations (single-temporal PALSAR-2 and multi-temporal PALSAR-2/ScanSAR). In terms of the forest gain and loss map, the stratified estimator of the map's accuracies and forest area were applied to three categories, including forest gain, forest loss, and no change). The weight of W (f) ÷ n (f) and W (nf) ÷ n (nf) were estimated based on the 2017 FNF map.
Method for Comparing FNF Maps from Difference Sources
We compared our FNF maps with other data sources, including the national statistical data of Vietnam and global forest products. National inventory statistics were collected from official documents of the Vietnamese Ministry of Agriculture and Rural Development (MARD) and from the National Statistical Year Books of Vietnam. The statistical data were used as a reference for this study's FNF maps and the global FNF maps. Two global datasets were selected, namely, the JAXA 25 m Global FNF [37] and the ESA 100 m Copernicus Global Land Cover [55] . We extracted FNF maps for the mainland Vietnam from these global products for comparison with our national-scale FNF maps. The 500-point validation datasets (Section 2.4) were used to estimate the overall accuracy of the FNF maps extracted from the global products. We also used the weight of W (f) ÷ n (f) and W (nf) ÷ n (nf) estimated based on the 2017 FNF map (Section 2.5) in accuracy assessment and forest area estimation of the global FNF maps.
To assess the spatial correlation between our FNF map and the global FNF maps, we applied the cross comparison approach, which is robust for comparing the consistency of maps in places where validation data are limited [56] . We compared our FNF maps with the JAXA and ESA FNF maps for 2015. To make the products comparable, we aggregated our 50 m FNF map, the 25 m JAXA FNF map, and the 100 m ESA FNF map to a spatial resolution of 1000 m. Each 1000-m pixel contained forest cover information, which was estimated by counting the fraction of forest pixels in the original map.
Then, we estimated the difference in forest fraction among the maps by defining forests as lands with ≥ 10% tree cover. Two forest fraction pixels were considered to be consistent when the difference in their forest fractions was between −0.2 and 0.2 [19] .
Result
Classification Result for Three Test Sites
We selected three sites in North, Central, and Southern of Vietnam, respectively, as the test locations for forest classification (Figure 4a) . The chosen satellite datasets were single-temporal PALSAR-2 mosaic images, multiple-temporal PALSAR-2/ScanSAR mosaic images, and multiple-temporal PALSAR-2/ScanSAR images in combination with NDVI images and slope images estimated from SRTM-DEM. All of the satellite images were from 2017 and had a 1 o × 1 o tile size. As shown in Figure 4b , maps based on the single-temporal PALSAR-2 mosaic underestimate the forest area compared to maps based on other products. For site 3, there is clearly a large difference between the FNF map based on the single-temporal PALSAR-2 mosaic and the FNF maps based on other products. The average overall accuracies of the FNF maps based on 400 validation points for 2017 were about 77.4% (±3.6%), 85.7% (±3.1%), and 88.4% (±2.8%) for the single-temporal PALSAR-2, the multi-temporal PALSAR-2/ScanSAR, and the multi-temporal PALSAR-2/ScanSAR and NDVI and SRTM products, respectively (Table 4) . For site 2 and site 3, the accuracy of FNF maps based on PALSAR-2/ScanSAR time-series images was considerably larger than those based on the PALSAR-2 single mosaic images. Using a combination of ScanSAR images and NDVI and SRTM images can also improve the accuracy of the forest mapping in site 2 and site 3. Regarding this result, it is noteworthy that we managed to improve the accuracy of the FNF classification for Vietnam using a combination of ScanSAR, NDVI, and SRTM images. Figure 5 shows the annual FNF maps (two categories) from 2015 to 2018. The overall accuracy of the FNF maps from 2015 to 2018 are 87.9% (±1.5%), 86.0% (±1.5%), 87.0% (±1.5%), 85.5% (±1.6%), respectively. During 2015-2018, the average estimated forest area for mainland Vietnam was about 14.79 × 10 6 ha (±1.02 × 10 6 ha), which is equivalent to a forest cover of 43.7% (±3.0%) of the total map area. Forests are distributed unequally throughout the country. The result shown in Figure 5 suggested that forests in Vietnam were stable during 2015-2018. The result also suggested that dense forests are located in Northeastern Vietnam and in the north, west, and southeast of Central Vietnam (see Figure  S6 .1a-d in the Supplementary Material for full-sized (A4) FNF maps). In the Red River Delta, Central Highlands, Mekong River Delta, and coastal areas, the land is primarily used for urban, paddy fields, and other crops ( Figure S6 
Comparison of Forest Cover Data from Multiple Sources
We compared the overall accuracy of FNF maps derived from multiple sources using the 500-point validation datasets. As shown in Figure 6 , the overall accuracy of our FNF maps is considerably higher than that of the JAXA FNF maps and is slightly higher than that of the 2015 ESA FNF map. Our FNF maps had an average overall accuracy of 86.6% (±3.1%), while that of the JAXA FNF maps was 77.5% (±3.2%). The overall accuracy of the ESA FNF map (100 m spatial resolution) was 85.4% (±1.6%). We also compared our estimates of forest area with estimates from other data sources, including the national statistical data of Vietnam, the JAXA FNF maps, and the ESA FNF map. As shown in Table 5 , the estimates of forest area were consistent among our FNF maps (14.79 ± 1.02 × 10 6 ha on average), the JAXA FNF maps (14.81 ± 0.90 × 10 6 ha on average), and the ESA map (15.06 ± 0.49 × 10 6 ha). The estimates of the forest area of FNF products were close to the estimates of the Vietnamese national data (14.34 × 10 6 ha on average). Generally, the estimates of the Vietnamese government were in the estimation ranges of other FNF products. The difference in forest area estimated by the government and our estimates was about 0.45 × 10 6 ha on average (without considering the standard error). There is an interesting point that consistent estimates of forest area among FNF products can still be achieved with low overall accuracies of JAXA FNF maps. This consistent estimates suggested that stratified estimators with sufficient validation data can provide accurate area estimation for low accuracy maps.
( (Figures 7 and 8) . Our map and the ESA map showed a relatively good agreement in terms of the spatial distribution of forest, with about 77% of pixels being consistent. Our map and the JAXA map showed a lower agreement, with 68% of pixels being consistent. The JAXA map and the ESA map showed a large difference in terms of the spatial distribution of forests, with only 63% of pixels being consistent (Figure 7d ). It is notable that in places where the forest fraction is small (less than 0.4, in Northwest Vietnam and the central highlands of Vietnam), the difference between FNF products is much larger than in places with larger forest cover (Figures 8 and 9 ). To assess the consistency among the FNF maps in 2015, we conducted a cross comparison at a pixel level (Figures 7 and 8) . Our map and the ESA map showed a relatively good agreement in terms of the spatial distribution of forest, with about 77% of pixels being consistent. Our map and the JAXA map showed a lower agreement, with 68% of pixels being consistent. The JAXA map and the ESA map showed a large difference in terms of the spatial distribution of forests, with only 63% of pixels being consistent (Figure 7d) . It is notable that in places where the forest fraction is small (less than 0.4, in Northwest Vietnam and the central highlands of Vietnam), the difference between FNF products is much larger than in places with larger forest cover (Figures 8 and 9 ). 
Discussion
Improvement of Forest Classification Using Multi-Temporal ScanSAR Images
We investigated the potential of using multi-temporal ScanSAR images to estimate annual changes in forest areas. We created FNF maps for the mainland Vietnam using only multi-temporal ScanSAR images ( Figure S6 .5 in the Supplementary Material) and compared them with the JAXA global FNF maps, which used single-temporal PALSAR-2 images. The average overall accuracy of the maps based on multi-temporal PALSAR-2/ScanSAR images is 84.2% (±3.3%), which is greater than that of JAXA maps (77.5% ± 3.3%). This result shows that the use of multi-temporal PALSAR-2/ScanSAR images can reduce the uncertainties in the estimation of annual changes in forest area (Figure 10 ). The use of single-temporal images (in the JAXA FNF maps) neglects the seasonal changes, and the resulting maps, therefore, contain uncertainties due to rapidly changing factors such as soil moisture, rain, flooding, and surface roughness (water). 
We investigated the potential of using multi-temporal ScanSAR images to estimate annual changes in forest areas. We created FNF maps for the mainland Vietnam using only multi-temporal ScanSAR images ( Figure S6 .5 in the supplementary material) and compared them with the JAXA global FNF maps, which used single-temporal PALSAR-2 images. The average overall accuracy of the maps based on multi-temporal PALSAR-2/ScanSAR images is 84.2% (±3.3%), which is greater than that of JAXA maps (77.5% ± 3.3%). This result shows that the use of multi-temporal PALSAR-2/ScanSAR images can reduce the uncertainties in the estimation of annual changes in forest area ( Figure 10 ). The use of single-temporal images (in the JAXA FNF maps) neglects the seasonal changes, and the resulting maps, therefore, contain uncertainties due to rapidly changing factors such as soil moisture, rain, flooding, and surface roughness (water). Recent studies have shown that fusing single-temporal PALSAR/PALSAR-2 mosaic images and optical images can increase the accuracy of forest classification and the detection of changes in forest area [18, 22, 25, 26, 36] . In this study, we also quantified the accuracy of forest cover maps based on ScanSAR images, MODIS NDVI images, and SRTM images by comparison with the FNF maps created using only ScanSAR images. By using MODIS NDVI and SRTM, the overall accuracy of the FNF maps for 2015 reached to 87.9% (± 1.5%), compared to 83.4% (± 1.7%) that was achieved using only ScanSAR images (Table S5 .1c in the supplementary material). The overall accuracy of FNF maps which used ScanSAR, NDVI, and SRTM images (86.6% ± 3.1% on average) is slightly higher than FNF maps which used only ScanSAR images (84.2% ± 3.3% on average). Therefore, future work is needed to investigate the potentials of fusing SAR and high-resolution optical images (Landsat and Sentinel 2) for producing high accuracy of FNF maps and detecting annual changes of forests in the national scales. Recent studies have shown that fusing single-temporal PALSAR/PALSAR-2 mosaic images and optical images can increase the accuracy of forest classification and the detection of changes in forest area [18, 22, 25, 26, 36] . In this study, we also quantified the accuracy of forest cover maps based on ScanSAR images, MODIS NDVI images, and SRTM images by comparison with the FNF maps created using only ScanSAR images. By using MODIS NDVI and SRTM, the overall accuracy of the FNF maps for 2015 reached to 87.9% (± 1.5%), compared to 83.4% (± 1.7%) that was achieved using only ScanSAR images (Table S5 .1c in the Supplementary Material). The overall accuracy of FNF maps which used ScanSAR, NDVI, and SRTM images (86.6% ± 3.1% on average) is slightly higher than FNF maps which used only ScanSAR images (84.2% ± 3.3% on average). Therefore, future work is needed to investigate the potentials of fusing SAR and high-resolution optical images (Landsat and Sentinel 2) for producing high accuracy of FNF maps and detecting annual changes of forests in the national scales.
Forest Change in Vietnam between 2015 and 2018
Figure 11a presents a map of forest gain and loss between 2015 and 2018 with three categories, including "forest gain", "forest loss", and "no change". The overall accuracy of the forest gain and loss map was estimated using the validation datasets of 2015 and 2018 (described in Section 2.4) and the method in Section 2.5. The overall accuracy of the map is 88.9% (±1.4%) (Table S3 .1c in the Supplementary Material). Our estimates of forest area change between 2015 and 2018 showed that the area of forest gain was 1.09 ± 0.26 × 10 6 ha, while the area of forest loss was 0.73 ± 0.22 × 10 6 ha. According to the Vietnamese Ministry of Agriculture and Rural Development (MARD), 80% of the increase in the forest area in Vietnam was contributed by planted forests [57] . Forest gain and loss mainly occurred at the base of mountains, where the unique circular patterns of forest change are observed (Figure 11b-d) . Forest cover changed unequally throughout Vietnam during the study period. Figure 11a showed that forest change occurred primarily in the north, the central coast, the southeast, and the southwest of the country. Forest change was more dramatic in the north than in the other regions, the most important factor behind this might be the huge demand for timber from China. Vietnam is one of the biggest timber exporters in Southeast Asia [58] , and China is one of the world's largest timber importers [59] . The change in forests in eastern Central Vietnam was more extreme than in western Central Vietnam. This might be due to the high mountain range with steep slopes in western Central Vietnam. It is also clear that the distribution of dense forest in central Northern Vietnam and central Western Vietnam remained stable during the study period. In Southern Vietnam, forest change mainly occurred in the southwest, which contains a large area of rubber plantation.
Forest Dynamics in Vietnam
Several recent studies have identified a transition from deforestation to reforestation in Vietnam [29, 31, 32] , and the Vietnamese government forest data has also shown that an increase in forest cover and forest area has occurred in recent years [60] [61] [62] [63] . This transition is the result of economic reform and policy changes in the agricultural and forestry sectors. Several reforestation programs had been launched, such as the 327 Program [64] and the 661 Program [32] . The Vietnamese government has launched the Vietnam Forestry Development Strategy 2006-2020, which aims to increase the extent and quality of forest in Vietnam [65] . According to this study, between 2015 and 2018, forest change occurred primarily in the north, central coast, southeast, and southwest regions of Vietnam (Figure 11a,b) . Forest change in Vietnam has been considerably controlled by the high demand for paper and pulp production for export to China [30, 66] . Therefore, the area of planted forest has increased in the vicinity of the paper production industry and in provinces near China. The area of planted forest was recorded to increase in mid-elevation areas in the northeast and the central coast regions of Vietnam, which are dominated by acacia plantations [67] . The area of the natural forest increased mainly in Northern Vietnam, where steep slopes limit cultivation [30] . It is notable that the area of natural forest decreased in the Central Highlands and Southeastern Vietnam, which contain large areas of rubber and coffee plantation [68] . Vietnamese forests have been controlled by different factors, such as economic development and changes in forest management policy [30] . Modern satellite products bring increased opportunities to determine forest dynamics under human impacts on a large scale.
world's largest timber importers [59] . The change in forests in eastern Central Vietnam was more extreme than in western Central Vietnam. This might be due to the high mountain range with steep slopes in western Central Vietnam. It is also clear that the distribution of dense forest in central Northern Vietnam and central Western Vietnam remained stable during the study period. In Southern Vietnam, forest change mainly occurred in the southwest, which contains a large area of rubber plantation. 
The Need of Having Reliable Forest Maps for User Communities
This study revealed large differences between the accuracies of national-scale forest maps derived from different global products, namely, JAXA FNF maps and an ESA FNF map (Figures 8-10) . Notably, the difference is greater in areas with low forest cover ( Figure 10 ) [19] . Several factors contribute to the uncertainties in global forest products, such as forest definition [69] , methodology, and image data [18, 22, 35, 70] . In the case of Vietnam, high-resolution and highly accurate maps will be crucial in the next few years. Since Vietnam has become the first country in the Asia-Pacific region to fulfill the Warsaw Framework for REDD+, the country is allowed to receive REDD+ results-based payments [71] . The future development of highly reliable and detailed forest maps can support the National Forest Inventory Monitoring and Assessment Program and could considerably facilitate the implementation of REDD+ in Vietnam. As JAXA now provides ScanSAR data for Vietnam via the Vietnam Space Center (VNSC), PALSAR-2/ScanSAR time-series images and auxiliary data are possible sources for the production of forest map of Vietnam [72] . The VNSC is currently managing the Vietnam Open Data Cube [73] , which allows users to access a satellite database including ALOS, ALOS-2, SENTINEL, MODIS TERRA, and GPM (Global Precipitation Measurement) data. Future studies of forest mapping should take advantage of this database in order to classify detailed forest types (natural forest and planted forest) using a multiple image approach. The Vietnamese forestry industry focuses on acacia, pine (in the north), and rubber (in the south). Annual changes in the national distribution of these key species are crucial for Vietnamese forestry and forest management. The availability of data such as ScanSAR images offers the chance to map these key plantation species with great accuracy and reliability.
Conclusions
In this study, we showed that using multi-temporal PALSAR-2/ScanSAR images can create greater accuracies of FNF maps than using single-temporal PALSAR-2 mosaic images in the national scale. FNF maps produced using multi-temporal ScanSAR images were considerably more accurate than current JAXA FNF maps for the mainland Vietnam. The use of multi-temporal images can reduce the uncertainties in the detection of forest change compared with the use of single-temporal images. By using a combination of SAR and optical images, the accuracy of FNF maps could be improved. The annual FNF maps for 2015-2018 that were produced using this new approach led to an estimation of forest cover which is close to the Vietnamese national statistics, with the difference of 0.45 × 10 6 ha on average. We also showed that stratified estimators with sufficient validation data could produce accurate area estimation for low accuracy FNF maps. By comparing multiple products, this study identified discrepancies between global forest-cover products, especially for areas with low forest cover. Therefore, users should consider the uncertainties of global forest maps on a national scale. We also highlighted the need for reliable forest maps for the mainland Vietnam to meet the future requirements of the forestry industry and sustainable forest management. The limitation of this study is that we have not considered the effects of interpreter errors to the estimates of the map's accuracies, forest area, and their standard errors. Therefore, future studies should also consider interpreter errors in the sampling design processes. 
